Performance evaluation of agricultural drainage water using modeling and statistical approaches  by Nasr, Mahmoud & Zahran, Hoda Farouk
Egyptian Journal of Aquatic Research (2016) 42, 141–148HO ST E D  BY
National Institute of Oceanography and Fisheries
Egyptian Journal of Aquatic Research
http://ees.elsevier.com/ejar
www.sciencedirect.comFULL LENGTH ARTICLEPerformance evaluation of agricultural drainage
water using modeling and statistical approaches* Corresponding author. Tel.: +20 1227108250.
E-mail address: hfzahran@gmail.com (H.F. Zahran).
Peer review under responsibility of National Institute of Oceanography
and Fisheries.
http://dx.doi.org/10.1016/j.ejar.2016.04.006
1687-4285  2016 National Institute of Oceanography and Fisheries. Hosting by Elsevier B.V.
This is an open access article under the CC BY-NC-ND license (http://creativecommons.org/licenses/by-nc-nd/4.0/).Mahmoud Nasr a, Hoda Farouk Zahran b,*aSanitary Engineering Department, Faculty of Engineering, Alexandria University, P.O. Box 21544, Alexandria, Egypt
bPlant Production Department, Arid Land Cultivation Research Institute, City of Scientific Researches and
Technological Applications, Alexandria, EgyptReceived 29 January 2016; revised 16 April 2016; accepted 26 April 2016
Available online 20 May 2016KEYWORDS
Adaptive neuro-fuzzy
inference system;
Principal component
analysis;
Pearson’s correlation
coefficient;
Drainage water;
Environmental conditionAbstract This study assessed spatial variations in physical and chemical properties of an agricul-
tural drain near Borg El-Arab city, Alexandria, Egypt. Pearson’s correlation coefficient indicated
that salinity had strong correlations with total dissolved solids (TDS) (r 0.999, p< 0.001) and
Cl (r 0.807, p 0.016), whereas, pH was considerably affected by temperature (r 0.674, p 0.067), oxi-
dation reduction potential (ORP) (r 0.866, p 0.006) and NO3
 (r 0.731, p 0.039). Those results were
further confirmed by applying an adaptive neuro-fuzzy inference system and regression models.
Moreover, principal component analysis (PCA) indicated that PC1 explained 41.1% of the total
variance, and had high loadings of TDS (0.46), salinity (0.46) and Cl (0.48). Additionally, PC2
accounted for 35.2% of the total variance, and had high loadings of pH (0.53), temperature
(0.48), ORP (0.40) and NO3
 (0.47). The present study revealed that artificial intelligence and
PCA could be used to effectively reduce the number of physicochemical parameters that may assist
in the description of drainage water quality. It is recommended that the current status of the drain is
suitable for reuse in irrigation purposes except at few locations containing high salinity.
 2016 National Institute of Oceanography and Fisheries. Hosting by Elsevier B.V. This is an open access
article under the CC BY-NC-ND license (http://creativecommons.org/licenses/by-nc-nd/4.0/).Introduction
Egypt is an arid country that faces challenges due to its limited
water resources and disorders of water balance (Nasr and
Zahran, 2015). The annual water budget from the Nile, rainfall
along the Mediterranean Coast and deep groundwater
accounts for approximately 57.7 billion m3 (Barnes, 2014).
The Egyptian ministry of water resources and irrigation(MWRI) reported that the expected total water demand, by
2050, would be 81.7 billion m3 per year (MWRI, 1998). In
order to fill the gap between supply and demand, reuse of agri-
cultural drainage water should be practiced. The official reuse
of agricultural drainage water in irrigation amounted to
4.84 billion m3 per year in 2001, which is expected to reach
9.6 billion m3 by the year 2017 (Abdel Wahaab and Omar,
2011). Unfortunately, large amounts of untreated urban
municipal, industrial wastewater and rural domestic wastes
are being discharged into the agricultural drains (MWRI,
1998). In this context, most of the drains have become an easy
dumping site for all kinds of wastes, such as solid wastes,
domestic wastewater and industrial wastes. Therefore, the
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should be intensively assessed (Nasr and Zahran, 2014).
In Egypt, drainage water is reused in three ways; i.e. natu-
rally, officially and unofficially (El Gamal et al., 2005). Natural
reuse of drainage water occurs when rivers or canals act as a
drain for hydrologic basin aquifer systems (El Gamal et al.,
2005). Official reuse occurs by lifting specific amounts of drai-
nage water from drainage canals, and mixing them with main
irrigation canals. The amount of water used for official reuse is
controlled and managed by the MWRI (DRI, 1995). Unofficial
reuse is practiced by individual farmers without pre-permission
from MWRI (Allam and Negm, 2013). Water quality regula-
tions of Egypt have been developed to govern the kinds of
reuse (El-Kady and Elshibiny, 1999). The Egyptian guidelines
aim at protecting the water bodies from wastewater-related
pollution. The Egyptian rules are illustrated in several articles
and reports as follows: law 48/1982 regarding the protection of
the river Nile and waterways from pollution, law 12/1982
regarding the irrigation and drainage, ministerial decree
8/1983 on law 48/1982 concerning reuse of drainage water;
and ministerial decree 44/2000 regarding the amendment of
law 93/1962 on the drainage of liquid wastes (MALR, 2009;
MWRI, 2005).
When wastewaters is dumped into natural water bodies
without an appropriate treatment, organic matter is assimi-
lated by aerobic microorganism, and dissolved oxygen (DO)
is consumed with their growth (Gupta et al., 2014). If the
supply of DO from air and photosynthesis is insufficient, the
concentration of DO decreases. As the concentration of DO
approaches zero, evolution of H2S by anaerobic bacteria
begins giving the water an unpleasant smell and taste. Under
this environment, the living conditions for aerobic aquatic life
deteriorate and species that can survive without DO become
dominant (Gupta et al., 2015). For example, fish can only
survive where the DO concentration is higher than 3 mg/L.
Moreover, high levels of nitrogen and phosphorus cause
eutrophication, leading to many problems such as toxic algal
blooms, problems in water treatment works, deterioration of
landscape and depletion of DO levels (Suthar et al., 2009).
Water quality is a description of chemical, physical and
biological characteristics of water (El Gohary, 2015). It is gen-
erally assessed by the measurement of several parameters, such
as temperature, pH, electrical conductivity (EC) and turbidity,
in addition to various pollutants including, pathogens, nutri-
ents, organics and metals (Abdel Azim, 2000). Previous
researches studied the interaction effects among environmental
parameters of surface water using artificial intelligence. For
example, Banejad and Olyaie (2011) applied an artificial neural
network (ANN) model for river water quality index (WQI)
prediction. The study (Banejad and Olyaie, 2011) found that
the optimum structure of neural network achieved high corre-
lation coefficients for biochemical oxygen demand (BOD) and
DO of 0.986 and 0.969, respectively. Additionally, Gazzaz
et al. (2012) presented ANN modeling of the WQI for Kinta
River (Malaysia) using water quality variables as predictors.
The WQI included 36 parameters such as temperature,
turbidity, EC, salinity, pH, DO, BOD, nitrogen (NO3-N),
and chloride (Cl). The study (Gazzaz et al., 2012) exhibited
that the WQI predictions of this model had a strong positive
correlation (r 0.977) with the measured WQI values.
Principal component analysis (PCA) is a useful statistical
technique that has found application in the field of waterquality assessment (Al-Sayed, 2015). PCA is a tool for multi-
variate data analysis used to extract relevant information from
various datasets (Costa et al., 2009). PCA essentially rotates
the set of points around their mean in order to align with
the first few principal components (PCs) (Olsen et al., 2012).
The first principal component (PC1) is the direction in space
along which projections have the largest possible variance
(Mishra, 2010). The second principal component (PC2) is the
direction that maximizes variance among all directions orthog-
onal to PC1 (Mishra, 2010). Correlation analysis is another
statistical tool that can be applied for understanding the water
quality data. Pearson’s correlation coefficient is a measure of
the linear relation between two variables. It gives a value
between +1 (a total positive correlation), zero (no correlation)
and 1 (a total negative correlation) (Dinka et al., 2015).
Regression analysis can also be used to develop a complete
relationship between water quality parameters. It consists of
a group of mathematical and statistical techniques based on
the fit of empirical models to the actual data (Bezerra et al.,
2008).
Therefore, this work investigated the water quality of a
drain near Borg El-Arab City, Alexandria. The measured
parameters included, pH, temperature, total dissolved solids
(TDS), DO, EC, oxidation reduction potential (ORP), salinity,
NO3
 and Cl. Artificial intelligence and PCA were used to find
the correlations and interactions among those parameters. To
the best of our knowledge, our research is among the few stud-
ies that applied advanced modeling techniques for studying the
combinations among environmental parameters.Materials and methods
Sampling
Water samples were collected from eight locations (P-1 to P-8)
along an agricultural drain near Borg El-Arab city (latitude
30 540 0300 North and longitude 29 330 0200 East), Alexandria,
Egypt. The gathered samples were kept in clean 1 L polyethy-
lene plastic bottles, and stored in an ice-box at 4 C until trans-
port to the laboratory for further analysis.
Analytical analysis
The parameters pH, temperature, TDS, DO, EC, ORP,
salinity, NO3
 and Cl were measured and recorded by
multiparameter water quality meter – Aquaprobe AP-7000,
England. The analysis was conducted according to Standard
Methods for the Examination of Water and Wastewater
(Eaton et al., 2005).
Artificial intelligence
Adaptive neuro-fuzzy inference system (ANFIS) is a kind
of ANN, which is based on Takagi–Sugeno fuzzy inference
system (FIS). ANFIS has a potential to capture the advantages
of both neural networks and fuzzy logic principles in a single
structure (Guler and Ubeyli, 2004). The function anfis in
MATLAB R2015b uses a hybrid learning algorithm to tune
the parameters of a Sugeno-type FIS. The algorithm uses a
combination of least-squares and back-propagation gradient
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Additionally, anfis validates models using a checking dataset
that could avoid overfitting (i.e. its training accuracy could
be close to that of a representative test dataset) (Nasr et al.,
2015).
Principal component analysis
PCA modeling shows the correlation structure of a data matrix
X, approximating it by a matrix product of lower dimension
(T  P0), called the PCs, plus a matrix of residuals (E). This
expression can be formulated in Eq. (1) (Costa et al., 2009).
The functions pca and pcacov in MATLAB R2015b were used
to perform the PCA and to estimate the PC coefficients, also
known as loadings.
X ¼ ð1 x0Þ þ ðT P0Þ þ E ð1Þ
where, the variable averages are represented by the term
(1  x0); the matrix product (T  P0) models the structure;
and (E) comprises the deviations between the original values
and the projections.
T is a matrix of scores summarizing the X-variables
(scores), and P is a matrix of loadings demonstrating the effect
of the variables on each score.
Results and discussion
Drainage water quality
The measured water quality parameters of the drain are listed
in Table 1. The water characteristics were compared with
guidelines of the Food, Agriculture Organization of the United
Nations (Ayers and Westcot, 1994) and Egyptian standards
(MWRI, 1998; APRP, 1998).
Temperature and pH
Average water temperature was 20.2 ± 1.2 C, indicating
moderate weather. The values of pH ranged between 7.9 and
8.3. The degree of acidity or alkalinity could be expressed as:
extremely acid (pH < 4.5), very strongly acid (pH 4.5–5.0),
strongly acid (pH 5.1–5.5), medium acid (pH 5.6–6.0), slightly
acid (pH 6.1–6.5), neutral (pH 6.6–7.3), mildly alkaline (pH
7.4–7.8), moderately alkaline (pH 7.9–8.4), strongly alkaline
(pH 8.5–9.0), very strongly alkaline (pH> 9.1) (WHO,
1996a). Accordingly, all the water sources along the drain were
moderately alkaline (basic) in nature. The allowable pH range
for reuse in irrigation purposes is 6.5–8.4 (Ayers and Westcot,Table 1 Water characteristics at different locations along the drain
pH Temp. (C) TDS (mg/L) DO (mg/L) EC (lS/cm
P-1 8.3 20.0 2516 2.7 3875
P-2 8.1 18.5 3196 3.0 2050
P-3 7.9 20.0 2260 2.7 3487
P-4 8.0 18.5 1377 3.2 2143
P-5 8.3 21.4 1840 3.2 2828
P-6 8.3 21.4 1873 3.6 2881
P-7 8.3 21.4 2236 2.9 3447
P-8 8.2 20.0 2093 3.0 32251994). Thus, the pH of the drain was in the recommended
range for irrigation.
Dissolved oxygen
DO of 3.0 ± 0.3 ppm was lower than the generally accepted
minimum level of 4–5 ppm. Lower DO concentration indicates
an excess amount of organic pollutants and bacterial activities
due to discharge of untreated and/or partially treated sewage
(Nasr and Zahran, 2015).
Total dissolved solids
TDS, which is a measure of the degree of water quality, was
1377–3196 mg/L with a mean value of 2174 mg/L. TDS values
over 500 mg/L indicate the presence of slightly elevated salt
concentration, and can be related to the other problems such
as hardness (WHO, 1996b). Based on TDS measurements,
the degree of restriction on reuse is: none (<450 mg/L); slight
to moderate (450–2000 mg/L); severe (>2000 mg/L) (Ayers
and Westcot, 1994). Accordingly, some locations along the
drain had severe restrictions on reuse for irrigation purposes.
Electrical conductivity
The average value of EC was 2992 ± 647 lS/cm. EC measures
the ability of water to carry electrical current, where the EC
degree of restriction on reuse is: <700 lS/cm (none);
700–3000 lS/cm (slight to moderate); >3000 lS/cm (severe)
(Ayers and Westcot, 1994). High EC means high degree of
salinity and an index of the amount of dissolved substances
in water (Thompson et al., 2012). In this context, the higher
values recorded for EC could be attributed to the enrichment
of salts in the drain. These are probably due to the anthro-
pogenic activities in the region and geological weathering con-
ditions resulting in high concentrations of dissolved minerals
(Dinka et al., 2015).
Anions
Measurements of NO3
 and Cl were 3.9 ± 1.0 and 91.8
± 46.7 mg/L, respectively. The NO3
 concentration may occur
due to leaching from fertilizers and biocides during the irriga-
tion of agriculture land (Kumar et al., 2007). However, the
recorded NO3
 concentration was within the acceptable limit
(<10 mg/L) for wastewater reuse in agricultural irrigation
(Ayers and Westcot, 1994). Cl ion usually exists in the form
of chlorine salts (NaCl, CaCl2 or MgCl2) and is extremely sol-
uble in water. Cl also occurs due to industrial and municipal
wastes and irrigated agricultural activities. The chloride con-
centration serves as an indicator of pollution by sewage.
) ORP (mV) Salinity (mg/L) NO3
 (mg/L) Cl (mg/L)
73 2000 5.5 155
33 2600 3.6 141
279 1790 3.5 126
35.8 1060 1.9 15
187.8 1450 4.7 92
175 1480 4.1 75
145.3 1780 4.2 64
156 1600 3.8 66
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face irrigation, based on Cl, is none (<142 mg/L), slight to
moderate (142–355 mg/L) and severe (>355 mg/L) (Ayers
and Westcot, 1994). Accordingly, the Cl of the drain was in
the allowable range for irrigation purposes.
Normalized covariance and regression models
The relationship between various elements was studied using
the Pearson correlation coefficient. The correlation matrix of
the original data for the drain is listed in Table 2. The p-
value of the normalized covariance was estimated with 95%
confidence intervals.
Measurement of pH was mainly affected by ORP (r 0.866, p
0.006). Values of pH indicate the drain’s relative ability for
receiving or donating hydrogen ions (WHO, 1996b). ORP
measures an aqueous system’s capacity to either release (reduc-
ing system) or accept (oxidizing system) electrons from chem-
ical reactions (Sawyer et al., 1994). ORP measurements are
often pH dependent due to the presence of certain chemicals
in water bodies. For example, based on pH, the Hypochlorous
acid (HOCl) can provide more or less free chlorine, which has
a direct impact on ORP sensor (Sawyer et al., 1994). Similarly,
the study by Wlodarczyk et al. (2007) found that changes of
ORP caused concurrent changes in the pH value of the soil
environment, related with the participation of H+ ions in oxy-
gen reduction reactions. Their study (Wlodarczyk et al., 2007)
indicated that ORP= 59.309 ln(pH) + 308.78 (R2: 0.3041).
A high correlation was also observed between pH and NO3

(r 0.731, p 0.039). This can be due to the fact that total reduc-
tion of 2NO3
 to N2 produces 2OH
, which causes an increase
in the pH of the environment (Sprent, 1987). Nitrate reduction
follows the reaction Eq. (2).
NO3 þ 2Hþ þ 2e! NO2 þH2O ð2Þ
Moreover, pH was directly and significantly correlated with
temperature (r 0.674, p 0.067). The impact of temperature on
pH was explained by John et al., (2006) as follows: (1) an
increase in solution’s temperature will lead to an increase in
the mobility of its ions and a decrease in its viscosity, (2) an
increase in temperature may cause an increase in the number
of ions in solution due to the dissociation of molecules, and
(3) temperature can possess a direct effect on the pH meter.
In a similar study, Goher et al., (2014) evaluated surfaceTable 2 Normalized covariance of two interacting parameters (p-v
pH Temp TDS DO
pH 1.000
Temp. 0.674** 1.000
TDS 0.014 0.251 1.000
DO 0.296 0.253 0.485 1.000
EC 0.310 0.537 0.064 0.540
ORP 0.866* 0.484 0.308 0.554
Salinity 0.012 0.250 0.999* 0.467
NO3
 0.731* 0.597 0.383 0.237
Cl 0.040 0.053 0.808 0.534
* p-value < 0.05.
** p-value < 0.1.WQI of Ismailia Canal, Nile River, Egypt. The study (Goher
et al., 2014) reported that pH was highly correlated with DO
(r 0.63), CO3
2 (r 0.86) and HCO3
 (r 0.63).
Effect of temperature, ORP and NO3
 on pH could further
be described using regression models. The quality of the mod-
el’s fit was expressed by the coefficient of determination (r2-
value). Linear model (Eq. (3)) accounted only for main effects
by representing constant and first order terms. Positive coeffi-
cient of x1, x2 and x3 indicated a linear effect that increased
pH. Pure quadratic model (Eq. (4)) included constant, linear
and squared terms. Quadratic terms x1
2, x2
2 and x3
2 had negative
effects on pH. Interaction model (Eq. (5)) represented con-
stant, linear and cross product terms. The r2-values of the lin-
ear, pure quadratic and interaction models were 0.975, 0.998
and 0.999, respectively, indicating a very strong agreement
between the actual data and simulated results.
y ¼ 7:687þ 8:428 103x1 þ 0:690 103x2 þ 0:0712x3 ð3Þ
y ¼ 6:039þ 0:127x1 þ 0:323 103x2 þ 0:1132x3
 1:685 103x21  2:690 106x22  0:765 102x23 ð4Þ
y ¼ 10:237 0:136x1  0:981 103x2  0:6328x3
þ 0:308 103x1x2 þ 0:0401x1x3  12:77 104x2x3 ð5Þ
In which, y is pH; x1 is temperature (C); x2 is ORP (mV);
and x3 is NO3
 (mg/L).
As listed in Table 2, salinity was mainly influenced by TDS
and Cl. Since salinity is the total concentration of all
dissolved salts in water (Wetzel, 2001), the linear regression
of Salinity vs TDS showed a strong positive correlation
(r 0.999, p< 0.001). There are several different dissolved salts
that contribute to the salinity of water. The major ion is chlo-
ride, and thus the regression (salinity vs Cl) recorded higher
correlation coefficient (r 0.807, p 0.016). This high correlation
is in agreement with the historical definition of salinity based
on chloride concentration as formulated in Eq. (6) (Beer,
1997).
Salinity ¼ 1:80655 Chlorinity ðg=kg or pptÞ ð6Þ
The relationship between independent variables (TDS and
Cl) and salinity can be best expressed by demonstrating the
regression models. Linear (Eq. (7)), pure quadratic (Eq. (8)),
interaction (Eq. (9)) and full quadratic (Eq. (10)) models hadalue of the normalized covariance; 95% confidence intervals).
EC ORP Salinity NO3
 Cl
1.000
0.029 1.000
0.041 0.312 1.000
0.669 0.329 0.376 1.000
0.354 0.398 0.807* 0.640 1.000
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Figure 2 Influence of every input variable on Salinity using
adaptive neuro-fuzzy inference system. Note: (the left-most input
variable is the most relevant with respect to the output).
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Figure 1 Influence of every input variable on pH using adaptive
neuro-fuzzy inference system. Note: (the left-most input variable is
the most relevant with respect to the output).
Performance evaluation of agricultural drainage water 145r2-values of 0.997, 0.998, 0.998 and 0.998, respectively. The
high r2-values indicated an excellent agreement between the
experimental and predicted values for the proposed range.
y ¼ 115:08þ 843:628 103x1 þ 12:352 103x2 ð7Þ
y¼ 153:396þ0:574x1þ0:971x2þ53:9106x213:699103x22 ð8Þ
y ¼ 39:447þ 0:802x1  0:681x2 þ 364:352 106x1x2 ð9Þ
y ¼ 483:053þ 0:018x1 þ 7:077x2  5:46 103x1x2
þ 0:291 103x21 þ 27:501 103x22 ð10Þ
In which, y is salinity (mg/L); x1 is TDS (mg/L); and x2 is
Cl (mg/L).
Adaptive neuro-fuzzy inference system
ANFIS was applied to verify the results obtained from regres-
sion analysis. Based on ANFIS, the function exhsrch in
MATLAB R2015b performed an exhaustive search within
the measured water quality parameters to select the set of
parameters that influenced the pH. As displayed in Fig. 1,
the left-most input variable had the least root mean square
error or in other words the most relevance with respect to
the output www.mathworks.com/trademarks. Therefore, the
environmental parameters affecting pH were in the order of
NO3
>ORP> Cl> Temp. > EC. The results were in
agreement with those obtained from the correlation matrix
in Table 2, where pH was significantly (p< 0.05) affected by
NO3
 and ORP. Further, ANFIS was performed to select the
water quality parameters that mainly affected the drain’s salin-
ity. As shown in Fig. 2, TDS parameter was the most relevant
with respect to the drain’s salinity (i.e. had the least root mean
square error). This parameter was followed by Cl, which was
also equivalent to the results obtained from the correlation
matrix (Table 2). In this context, TDS and Cl were the main(a) (b)
Figure 3 Set of variables used in principal component analysis. (a) Measured variables; (b) Standardized variables. Note: on each box,
the central mark indicates the sample median, and the bottom and top edges of the box indicate the 25th and 75th percentiles of the
samples, respectively. The whiskers extend to the most extreme data points. The outlier, ‘+’ symbol, is a value that is more than 1.5 times
the interquartile range away from the bottom or top of the box.
Table 3 Loadings of the principal component analysis for the
drain parameters.
Variables Loading
PC1 PC2 PC3
pH 0.04 0.53 0.25
Temp. 0.08 0.48 0.20
TDS 0.46 0.03 0.35
DO 0.39 0.10 0.42
EC 0.21 0.32 0.59
ORP 0.25 0.40 0.33
Salinity 0.46 0.03 0.36
NO3
 0.27 0.47 0.01
Cl 0.48 0.07 0.07
Eigenvalues 3.7 3.2 1.4
% Variance 41.1 35.2 15.1
% Cumulative variance 41.1 76.3 91.5
Large loading having an absolute value P0.40 are highlighted in
boldface.
146 M. Nasr, H.F. Zahranparameters affecting water salinity. Again, this could be due to
the fact that salinity measures the total concentration of all
dissolved salts in water, which is affected by chloride ions
(WHO, 1996a,b).
ANFIS model has the potential to select the most influen-
tial input from entire environmental parameters including their
interfering and dynamic changes. This model is applicable to
in-field evaluation, since several parameters such as tempera-
ture, chemical reactions and oxidation status can interfere
and affect the drainage water quality. On the contrary, linear
regression analysis correlates every input individually, which
is reliable for laboratory studies.
Principal component analysis
In this study, PCA was used to extract relevant information
from the water quality data set. The data matrix used for
classification had the dimension of 8 monitoring points  9
measured variables. PCA, using the covariance function,
should only be considered if all of the variables have the same(a)
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Figure 4 Principal components analysunits of measurement (Costa et al., 2009). Thus, standardiza-
tion of the original dataset was conducted. This procedure pre-
vents certain features from dominating the analysis because of
their large numerical values (Mishra, 2010). Fig. 3a shows the
original measurements, while in Fig. 3b, all variables are trans-
formed to have zero mean and unit variance.
PC and its eigenvalues identify the most important gradi-
ents in the dataset. The first three PCs were the most significant
components, representing 91.4% of the total variance in water
quality (PC1: 41.1%, PC2: 35.2%, PC3: 15.1%). As listed in
Table 3, PC1 explained 41.1% of the total variance and had
high positive loadings of TDS (0.46), salinity (0.46) and Cl
(0.48). The combination of these parameters on PC1 suggested
that the drain was mainly affected by water salinity. Addition-
ally, the salinity effect would increase with interaction of TDS
and Cl, since their loadings had the same sign. Salinity is
essentially a measure of the NaCl content in water. Similarly,
TDS is a direct measurement of dissolved ions that also affect
water salinity (Bhardwaj et al., 2010). These observations fur-
ther clarify the interaction effect and common features of vari-
ables in PC1. Since PC1 had the highest total variance of
41.1%, its parameters were most important in assessing varia-
tions of water quality. However, PC2 can also be used for
describing the current drain. PC2 accounted for 35.2% of
the total variance, and had high loadings of pH (0.53), temper-
ature (0.48), ORP (0.40) and NO3
 (0.47). It can be suggested
that PC2 was related to the parameters affecting pH.
Score plot in Fig. 4 was applied to cluster the monitoring
points along the drain according to common characteristics.
Group-1 was distributed on the left direction of PC1 and con-
tained the points P-4, P-5, P-6 and P-8 that were characterized
by low water salinity (<1600 mg/L). Thus, the monitoring
points in group-1 were located far from human activities that
could increase the drain TDS. These results further confirm
that PC1 clustered the data set according to water salinity.
Group-2 was distributed on the positive side of PC2, and com-
posed of points having high pH values; i.e. P-1, P-5, P-6, P-7
and P-8. These monitoring points could be affected by natural
and/or anthropogenic sources that raised the water pH. Dis-
tricts of this group would require pH neutralization before
being reused for irrigation purposes. However, common points(b)
-3 -2 -1 0 1 2 3
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is. (a) Loading plot; (b) score plot.
Performance evaluation of agricultural drainage water 147between the two groups (P-5, P-6 and P-8) were characterized
by low salinity and high pH values.
In a similar study, Mishra (2010) demonstrated an assess-
ment of water quality using PCA. Results from their study
(Mishra, 2010) indicated that PC1 (39.2%) was responsible
for the nutrient factor, PC2 (29.3%) explained sewage and
fecal contamination, PC3 (6.2%) accounted for physicochem-
ical sources of variability and PC4 (5.8%) indicated wastewa-
ter pollution from industrial and organic load. Additionally,
applications of PCA for presenting water quality in terms of
sample collection, data treatment and results are found in a
study by Olsen et al. (2012). The article (Olsen et al., 2012)
reviewed 49 published papers dealing with PCA technique to
evaluate watershed water quality. They stated that the effec-
tiveness of PCA for identifying important environmental fac-
tors in a given study is mainly influenced by several factors,
such as sampling design, constituents analyzed, data quality,
data pre-treatment, methods of interpreting PCA results, etc.
Conclusions
This study successfully assessed the relationship between water
quality parameters for a drain near Borg El-Arab city, Alexan-
dria, Egypt. According to ANFIS, TDS and Cl were the main
parameters affecting the drain’s salinity, whereas the water
quality parameters affecting the drain’s pH were in the order
of NO3
>ORP> Cl> temperature. Based on results from
PCA, it can be concluded that the drain was mainly affected by
water salinity (in terms of TDS and Cl), while the second PC
determined the parameters affecting pH, such as NO3
, ORP
and temperature. Additionally, locations characterized by
low salinity were clustered using a score plot. The correlation
matrix indicated significant relationships between pH–temper-
ature, pH–ORP, pH–NO3
, TDS–salinity and salinity–Cl.
Results from this study are beneficial for operators and engi-
neers to identify the important water quality parameters at
the field-scale level. Therefore, the authors hope that the out-
comes from this study provide a novel protocol for application
of artificial intelligence models to study the relationship
between water quality parameters and their effect on drain’s
behavior.
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